Abstract. Coronary Heart Disease (CHD) is the leading causes of death worldwide. Life style changing is one of the important methods to delay the incidence of CHD. The awareness of life style changing is however still low. In order to improve awareness of life style changing, some CHD risk prediction models have been introduced. The existing models however either not well structured, not completed, static or offline. This paper introduces a new online CHD risk prediction model. The model is structured according to three risk factor groups including molecular structure, body system vital sign and bioenergy symphony. The model had also been compared with 5 existing models. Comparison results show that the model has better structure, adaptability and accessibility. Validation test using 120 subjects shows that the model prediction accuracy is 96.2%. This shows that the model is suitable to be used widely for CHD risk prediction both healthy and risk subjects as a preventive method in getting CHD in the earlier age.
Introduction
Coronary heart disease according to WHO are diseases that related to blood vessels supplying the heart muscle [1] . Coronary heart disease (CHD) is usually caused by blockage that stops the process of supplying blood to the heart. The main reason for the blockage formation is due to the buildup of plague in the walls of coronary arteries over the years. CHD events can be specified including stable and unstable angina, acute myocardial infarction and coronary death [2] .
In 2012, out of the 17.5 million (31% of all global deaths) cardiovascular deaths, 7.4 million people died from CHD [1] . In Malaysia, CHD is the leading cause of death where it contributes 23.10% of total deaths [3] . The high percentage has put Malaysia in the 33 rank in the world [3] . The worrying numbers of deaths from CHD in Malaysia has alarmed the country to put more efforts on the preventive measures. A number of preventive measures had been carried out through modifiable risk factors such as smoking, hypertension, cholesterol level, diabetes, obesity, diet and physical activity [4] . One of the preventive measures taken is to predict the chances of an individual of getting CHD with the help of risk predictor. By knowing the probability of one having CHD, further actions can be carried out to prevent the occurrence of the disease. Hence, early detection and prevention of CHD is vital in reducing the number of CHD deaths.
There are a variety of risk prediction models throughout the advancement of cardiovascular risk assessment research. One of the most well-known and long-standing risk prediction models would be the Framingham risk score [5] . Nearly all of the risk prediction models were developed based on multiple variables since the happening of CHD event does not depend on solely one but many risk factors. The prediction variables used in the original Framingham CHD risk score include age, gender, total cholesterol, HDL cholesterol, blood pressure, smoking status and diabetes mellitus. The other risk prediction models like SCORE [6] , QRISK [7] , Reynolds [8] , ACC/AHA risk calculator [9] have more or less similar prediction variables with each other [10] . Nevertheless, the existing risk predictors are not well-structured. All of the risk factors are not properly classified into specific category which makes it difficult to track and understand the root of the CHD event. Without a thorough understanding of CHD event and systematic approach to educate public about CHD event, it is challenging to increase public's awareness and hence the difficulty to reduce CHD mortality rate.
Another weakness found in the existing risk prediction model is the elasticity of the model. Most of the risk prediction models use data collected in the past which can be as short as 1 to 3 years ago or as long as 10 to 20 years ago. By the time the prediction model is ready to use, the predicted risk may not be suitable for individuals at that time anymore since the weight of risk factor changes over time. Consequently, there is a need to develop a more dynamic risk prediction model to ensure the flexibility and adaptive of the model in future. Therefore, this study takes the initiative to develop a novel online adaptive CHD risk prediction model. In order to improve trust and increase awareness of people to live on healthier lifestyle, a new risk factor structure based on energy level classification was incorporated in this prediction model. The prediction model was also constructed based on the concept of being adaptive. This adaptive prediction model includes dynamic database, adaptive weighted risk factor and dynamic interpolation.
CHD risk factor

Physiology of CHD
There are many factors that influence the occurrence of CHD event. All of the risk factors are interrelated with each other and cannot be ruled out. A physiological diagram of CHD was illustrated in Fig. 1 . The fundamental of CHD event is that coronary arteries was blocked by plague buildup for years and disable the oxygen supply process to the heart muscle. Therefore, the diagram starts with cardiovascular system in the middle and DNA cell in the centre symbolizes the molecule structure that forms the blood, vessel and heart. The molecular structure carries the DNA of an individual and it is not able to be changed for the whole life. Age, gender and genetic are risk factors that are non-modifiable.
The primary component that causes the buildup plague is cholesterol; hence measurement of total cholesterol, HDL and LDL is very important in determining CHD risk. Other cardiovascular related risk factors like blood pressure, heart rate, and blood sugar is definitely significant in predicting CHD incidence. Besides cardiovascular system, the whole body system is actually involving in the CHD events indirectly. It is the bioenergy symphony that manipulates the operation of body system. As we can see from Fig. 1 , food, fluid, air, mental activity, environment and physical activity influence the operation of specific body system. These bioenergy symphonies can influence the body system either positively or negatively. Therefore, people can gain benefits from knowing the physiological of CHD incidence and make a change towards healthy lifestyle. 
Energy Level Classification of Risk Factor
Based on the physiology of CHD event, the risk factors involved can be classified into 3 categories which are molecular structure, body system, and bioenergy symphony. These 3 classes can also be sorted out according to their energy level: low, middle, and high energy level. The energy level indicates the amount of energy required to function in the universe. The first class of risk factors is molecular structure class which consists of non-modifiable risk factors like age, gender, and heredity. Non-modifiable risk factors can be linked directly to DNA and genetic of an individual where the risk factors in this category cannot be altered anymore. This fundamental molecular structure uses very low energy level to operate. Next, the second class of risk factor would be body system class where it consists of every related body systems like cardiovascular system, respiratory system, digestive system to CHD. The risk factors in this category indirectly associated to the body system of an individual.
The third class is the high energy level category: bioenergy symphony. Bioenergy symphony class associate with the entire universe. Risk factors that fall on this category are food, fluid, air, environment, physical activity, and mental activity. This category is a significant class in determining the risk factor as all of these risk factors can either increase or decrease the possibility of one in getting CHD depending on their lifestyles. 
CHD prediction model
CHD risk is currently calculated using static risk equation as follow:
In order to improve the accuracy of the prediction, a new dynamic risk equation (CHDRisk dynamic ) is proposed with considering region (R) and time (T).
Where: The coefficient ܽ ݊ can be obtained from dynamic interpolation of epidemiological and individual data. Fig.  2, Fig. 3, and Fig. 4 show the examples of CHD risk for each energy level and its interpolation equation respectively. These graphs were generated from 10900 people with 3 different race groups (Caucasian, Mongolian and Negroid) [2] . This epidemiological data and interpolation equation were inputted in the webserver. This model is used as first condition or static model. In order to calculate the risk, a subject can input the risk factors data via mobile user interface. After risk calculation by the equation in the webserver, the subject can get the information about the current risk, the risk at certain age, the age at 100% risk and list of bioenergy symphony activities to increase age at 100% risk. In addition, the admin can always update the database using new epidemiological data to ensure that the risk is up to date. The model implementation algorithm can be seen in the Fig. 5 .
Fig. 4. CHD risk for food.
The backend system was done by using MySQL as main database. The web server for front end was done with Apache 2.0 and coded with PHP version 5.5.1. In order to improve the accuracy of the model to be used in Malaysia, 2410 CHD patients' data from Malaysia was inputted in the model. This input has changed the equation coefficients in the model and the model become dynamic model. 
Result and analysis
In order to verify the newly developed adaptive risk prediction model, we did comparison study with 5 existing models including Framingham Risk Score [5] , QRISK [7] , SCORE [6] , Reynolds [8] , and WHO/ISH [11] . The comparison includes structure, adaptability and accessibility. The structure analysis is based on criteria of physiological pathway including: completeness, redundancy, connectivity, time analysis and spatial analysis. As for the adaptability analysis, it is conducted based on adaptive weighted risk factor and epidemiology dependent risk calculation. The accessibility analysis includes data enter human error, personalized risk, accountability and real time access. Table 2 shows the results of structure test carried out with 5 different risk prediction models and one static model. As we can see from Table 2 , our dynamic model obtained the highest score among the other existing models. The main criterion that influences the results is the adaptability of the model. The other models scores lower than dynamic model since they have inadequate adaptive weighted risk factor and epidemiology dependent risk calculation. The completeness of the dynamic model also increased the total score in the structure test. However, there are redundancies of structure in the dynamic model because there are some factors that might exist more than one time to be used for different risk factors category. Overall, the adaptive model is up to 41% better than 5 existing models in terms of structure, adaptability and accessibility. The risk level was divided into five categories: very low risk, low risk, middle risk, high risk, and very high risk. All of the subjects were also tested with ECG stress test and Echo stress test. Table 3 . a) and b) shows the risk prediction results of 120 subjects with existing models and ECG and Echo stress tests. The average of ECG and Echo stress test were then calculated and compared with the other risk prediction models. The accuracy results were shown in Table 3 . c). The result of accuracy test show that the prediction accuracy for dynamic model is 96.2%.
Although the model had shown promising results from verification and validation test, this model still has some weaknesses that need to be confronted. First, this model requires bigger resources for its database and processing to produce dynamic equation. Another disadvantage is that there is a possibility for dynamic interpolation error to happen because the new data group has different trend or far distance from existing equation. For example, the new data group comes from huge nuclear radiated area; this will change the trend drastically and introduce error in the interpolation. Generalization of data will also produce inaccuracy if the previous epidemiology data is originated from a specific region. Therefore, in order to improve the model, artificial intelligence can be applied for the interpolation or risk calculation. 
Conclusion
In this study, a new online adaptive CHD risk prediction model had been developed. The model had been developed based on 10900 patient data from available global data and 2410 patients' data from Malaysia. This model had been tested by 120 subjects and validated with ECG and ECHO stress tests. Test result shows that the model just show error less than 4% compared with result from ECG and ECHO stress tests. When compared to other existing models, the model had shown up to 41% better results in term of structure, adaptability and accessibility.
